An efficient humanitarian inventory control model and emergency logistics system plays a crucial role in maintaining reliable flow of vital supplies to the victims located in the shelters and minimizing the impacts of the unforeseen disruptions that can occur. This system should not only allow the efficient usage and distribution of emergency supplies but should also offer the ability to be integrated with emerging ITS technologies such as Radio Frequency Identification Devices (RFIDs) for commodity tracking and logistics. This paper proposes a comprehensive methodology for the development of a humanitarian emergency management framework based on the real-time tracking of emergency supplies and demands through the use of RFID technology integrated with a multi-commodity stochastic humanitarian inventory management model (MC-SHIC). First, logistics and management aspects of RFID technologies in the context of the emergency disaster relief framework are discussed. Then, MC-SHIC model proposed to determine the optimal emergency inventory levels to prevent possible disruptions at the minimal cost is presented. The solution of the model with several sensitivity analyses obtained using the pLEPs algorithm is presented and discussed. Realizing that actual emergency inventory levels can deviate from optimal values during the actual disaster relief period due to the possible stochastic disruptions such as fluctuating demand for vital supplies in the shelters, a comprehensive on-line inventory control framework is proposed to minimize impacts of these unforeseen disruptions, or at least to address the problem at hand as fast as possible. Within this methodology, we obtain an approximation of the MC-SHIC model using a simultaneous perturbation stochastic approximation (SPSA) based functional approximator, and compare the performance of these algorithms for solving the new unconstrained optimization problem. Finally, proposed model-free on-line control methodology is discussed using examples to understand the efficiency and practicality of both algorithms in terms of computational times and accuracy of results.
Introduction
The most important challenge of emergency disaster management and logistics is reducing the harm a disaster causes to its victims. A significant component of this challenge is to be able to satisfy the vital needs of the people located in the emergency shelters, such as the superdome shelter at New Orleans used after the hurricane Katrina. This requires disaster planners and engineers to find a way to reduce the uncertainties associated with the emergency operations, to calculate and compare the possible expected costs of delivery and consumption processes throughout these operations, and therefore to manage the availability and distribution of vital resources. National Research Council (NRC) of the National Academies report (2007) mentioned the two important problems that we face for the unstable disaster situations: the complexity introduced by the 0968-090X/$ -see front matter Published by Elsevier Ltd. doi:10.1016/j.trc.2011.08.012
1. Unlike previous approaches in the literature, proposed model is designed to successfully address the critical and strategical factors associated with the humanitarian relief operations to ensure the continuity of the unpredictable stochastic delivery and consumption processes. Moreover, flexibility of the proposed inventory management/control model allows the application of our mathematical model to any extreme event, accounting for the flexibility measures of humanitarian relief operations, namely the ability to change the output levels and varieties of products, and the flexibility of delivery times, defined by Beamon and Balcik (2008) . 2. To obtain an efficient and realistic off-line disaster management plan, the first step is to have a practical yet robust inventory management strategy. This strategy should be closely interconnected with a real-time complex multi-commodity problem that can be implemented and used as a basis for on-line decision making. Therefore, we model the off-line planning model as a multi-commodity and multi-supplier stochastic humanitarian inventory control model (MC-SHIC). MC-SHIC is a major modification of the limited single-commodity approach proposed in Ozbay and Ozguven (2007) which is not applicable to the type of problem studied in the paper. MC-SHIC model proposed in this paper will aid in adequately responding to a disaster or a humanitarian crisis focusing on the interdependency between the commodities, transportation of joint resources, limitations on emergency supplies, vital/perishable commodities, multi-suppliers and cross-shipping possibilities. We propose a practical and easily applicable solution methodology, namely pLEPs algorithm (Prékopa, 1990) , to solve this multi-commodity stochastic humanitarian inventory control (MC-SHIC) model so that a decision maker/planner can use the results to decide on the inventory levels for the emergency commodities needed in the shelters. We solve the problem for a range of demand values to observe the changes in the safety stocks which gives the planner a self-controlling mechanism to determine these safety stock values for the emergency supplies more accurately. 3. We use a simultaneous perturbation stochastic approximation (SPSA) based on-line function approximator to be able to control the highly stochastic and uncertain conditions during the extreme events. The target or desired levels of inventory for the functional approximator is calculated using MC-SHIC model, and the functional approximator is trained to obtain the optimal values in the presence of noisy data generated by incorporating the random -consumption and deliverydistributions of emergency commodities through the MC-SHIC model. 4. Our ultimate goal in integrating the two models described above is to develop a model-free closed loop feedback based inventory control strategy that can be effectively applied to different kinds of extreme events during emergency relief periods. This model-free feedback strategy requires real-life data about the inventory levels, flow of emergency vehicles and supplies as input. RFID technologies used to keep track of the dynamic changes in many commercial inventory systems (such as Walmart, FedEx, IKEA and Procter& Gamble, installing RFID systems in their distribution centers and tracking commodities coming from suppliers, have reported satisfactory progress with their implementation programs) can be used to collect this tracking information in real-time with the minimum cost and infrastructure.
It is important to note that the point of the study is to focus on the needs of the victims located at the shelters. Therefore, evacuation operations are not in the scope of our study. We do not undertake a transportation network analysis, rather we focus on a resource management issue namely, planning and management of the safety stock levels of the emergency inventories. However, the transportation of commodities by the use of emergency vehicles and multi-supplier/cross-shipment options are also considered in the paper.
Literature review
There are several studies in the literature focusing on different aspects of the emergency inventory planning and management for disasters. Table 1 gives the overview of these studies with respect to different areas of applications. The important point is that there is not much work done motivated by integrating both the off-line and on-line control strategies.
2.1. Off-line emergency management studies 2.1.1. Supply chain logistics and inventory control studies Blanco and Goentzel (2006) reviewed the humanitarian supply chain studies defining humanitarian supply chains as the supply chains supporting response to disasters and/or humanitarian crises. Sheu (2007) stated the challenges of emergency logistics management in the context of disaster relief and response operations. Ergun et al. (2007) worked on the humanitarian relief logistics including the design of supply chain network, transportation control, and demand management. Ozdamar et al. (2004) presented a mathematical model for emergency logistics planning during disasters. Similarly, Li and Tang (2008) proposed the Artificial Emergency-Logistics-Planning System (AELPS) to help government and disaster relief organizations prepare for and manage severe disasters. Tomaszewski et al. (2006) designed a Geocollaborative Web Portal (GWP) application to provide a common and intuitive interface through which asynchronous, geocollaborative activities can be conducted in support of humanitarian relief logistics operations. Chang and Hsueh (2007) developed a flood emergency logistics database for geographic information system (GIS) by using the data processing and network analysis functions of the geographic information system, disaster prediction subsystem and rescue resource subsystem. Friedrich et al. (2000) suggested a mathematical model allowing for calculating an optimized resource schedule for assigning resources in space and time to the impact areas of the disaster. Ray (1987) developed a single-commodity, multi-modal network flow model on a capacitated network over a multi-period planning horizon to minimize the sum of all costs incurred during the transport and storage of food aid in West Africa. Tzeng et al. (2007) created a multi-objective mathematical model for designing relief delivery systems.
As the empirical data required to validate the humanitarian supply chain models is not always readily available, the applicability of these theoretical models becomes the weakest link of the literature. With the adequate data, Stochastic Hungarian Inventory Control model of Ozbay and Ozguven (2007) can be effectively applied to real life situations. Ozguven and Ozbay (2009) suggested solutions to enhance this model using the concept of p-level efficient points. Yang and Federgruen (2006) developed disaster planning models focusing on selecting suppliers by analyzing a planning model covering uncertain demand from multiple suppliers. formulated the flood emergency logistics problem as a GIS-based stochastic programming model including uncertainty whereas Haghani and Oh (1996) formulated and solved a multicommodity, multi-modal network flow model to minimize the number of casualties and to maximize the efficiency of the rescue operations. Oh and Haghani (1997) tested this optimization model extensively with two heuristics. Barbarosoglu and Arda (2004) extended the model of Haghani and Oh (1996) into a two-stage stochastic programming model where they included uncertainties due to the estimation of needs of first-aid goods, vulnerability of resource suppliers and survivability of the disaster region routes. Beamon and Kotleba (2006) developed an inventory control model determining optimal order quantities and reorder points for a long-term emergency response. Holguin-Veras et al. (2007) proposed a synthesis of preliminary suggestions for the improvement of emergency logistics issues, and Holguin-Veras et al. (2008) analyzed the requests for critical supplies after Hurricane Katrina by obtaining the temporal distribution of requests indicating the demand and importance of different commodities. Yushimito et al. (2009) developed a Voronoi diagram-based algorithm to locate a finite number of facilities to provide a quick response time for the disaster relief. Sherali et al. (1991) developed a model solving the nonlinear mixed-integer programming problem for the selection of shelter locations among potential alternatives in a manner feasible to available resources. For the flood evacuation plans, Kongsomsaksakul et al. (2005) presented a bi-level programming methodology for locating and allocating the shelters with capacity constraints. Ozdamar and Yi (2008) used greedy neighborhood search for maximizing the service for available emergency vehicles to disaster-areas survivors, and Yi and Ozdamar (2007) described a location-distribution model for coordinating logistics support and evacuation operations in disaster response activities. Yi and Kumar (2007) presented an ant colony optimization (ACO) method to solve the logistics problem arising in disaster relief activities whereas De Leeuw et al. (2009) developed a framework of logistics aspects for flood emergency planning. Lin et al. (2010) proposed a integer programming based logistics model for disaster relief operations, and applied the model on a simulated earthquake scenario whereas Murray-Tuite and Mahmassani (2003) focused on the trip estimations and household behavior in evacuation conditions through a series of two linear integer programs. Barbarosoglu et al. (2002) focused on using helicopters for delivering supplies and saving victims during the disasters. Ozdamar et al. (2004) presented a mathematical model for emergency logistics planning during disasters where they integrated the multi-period multi-commodity network flow problem and the vehicle routing problem. Shen et al. (2009) developed a bi-level model to determine the locations of safety shelters in a transportation network. Afshar and Haghani (2008) worked on a simulation-optimization framework to find the SO solution for an emergency evacuation planning problem. Xie and Turnquist (2009) focused on the macroscopic problem of the network contraflow design to maximize the efficiency of emergency vehicle assignment, and used the Lagrangian relaxation and tabu search methods to solve this problem. Tzeng et al. (2007) created a multi-objective mathematical model for designing relief delivery systems, and they presented an empirical case to demonstrate the feasibility and effectiveness of this model. Han et al. (2007) presented a supply location selection and routing problem where any supply source could also send a commodity to a sink to take advantage of the multiple supply sources. Alcada-Almeida et al. (2009) worked on a GIS-based decision support system with a multi-objective model to locate emergency shelters and to identify evacuation routes. Yazici and Ozbay (2007) addressed the location and effectiveness of hurricane evacuation shelters with a stochastic programming model including probabilistic constraints. Ben-Tal et al. (2009) and Yao et al. (2009) developed robust linear programming models aiming to provide a robust and tractable framework for the evacuation management in a large-scale network. Lee et al. (2009) conducted a simulation-based analysis to obtain the distribution of emergency relief supplies, and Widener and Horner (2010) proposed a hierarchical capacitated-median methodology to model a hurricane-based disaster relief distribution. Destro and Holguin-Veras (2011) worked on a different aspect of the material convergence problem for the disasters (movement of goods to the disaster site) and performed an econometric modeling of the donations made in the case of Hurricane Katrina.
Transportation and network related studies

On-line emergency management studies
In practice, for the on-line emergency management, the use of intelligent transportation systems (ITS) in terms of information technologies (IT), which covers both computing and communications capabilities to enhance the management of natural and human-made disasters, requires special attention. Minyard (2007) stated that a critical component of evacuation planning relied on the information system that can track people and assets from the planning stage through registration, evacuation, sheltering and re-population phases. Nouali et al. (2009) stated that deaths and injuries as well as economic losses could be efficiently reduced by timely and effectively response to the disasters. Troy et al. (2007) presented the results of a pilot study on implementing a community-based resource database through the collaboration with local American Red Cross chapters and public and private community organizations. Waugh (2000) provided a concise introduction to emergency management and its varied components covering the history and evolution of emergency management and its organization into governmental and regional systems.
One of the most important information technologies, in terms of relevance for this study, is the RFID systems which can provide the dynamic change in the inventory levels, flow of emergency vehicles and supplies and even people on the move. The RFID literature on emergency management and disaster response is not very wide. Gadh and Prabhu (2006) presented some basic information about RFID technologies with supplying the news from Mississippi's Harrison County where health officials implanted RFID chips on Hurricane Katrina victims. Chatfield et al. (2010) made an analysis of the literature on existing RFID technology benefits. Henderson (2007) discussed and elaborated on the use of RFID systems to track commodities including emergency supplies, in near real time, flowing in and out of the region. Theoretically, model predictive control (MPC) strategies serve a wide range of control methods that can be used in supply chain management of emergency evacuation. Braun et al. (2003) showed that an MPC framework can handle demand networks efficiently with robust management. Rasku et al. (2004) worked on an implementation of a better cost function in inventory control and supply chain management problems, whereas Dunbar and Desa (2005) demonstrated an application of nonlinear MPC strategies. Liu et al. (2007) proposed a model reference adaptive control based real-time traffic management framework for the evacuation including both dynamic network modeling and adaptive control theory techniques. The usage of neural networks in the emergency management area is limited. Mei (2002) performed a detailed analysis of artificial neural network models and developed alternative trip generation models for hurricane evacuation movement using logistic regression and neural networks. With this idea, Wilmot and Mei (2004) estimated models with various forms of neural networks and tested the models with a data set of evacuation behavior collected in southwest Louisiana following Hurricane Andrew.
It is clear that there are a wide range of studies for the emergency management and relief operations. When uncertainty or probabilistic issues are considered, the number of studies decreases. There are also a few studies related directly to the determination of the optimum stock of emergency supplies indicating the need for efficient inventory management and emergency planning models for disasters that include stochastic features of the real life situations. On the other hand, on-line emergency management is still a very open area to work on. There are a few studies that consider the real-time management of logistics in the literature. Therefore, the main focus of this paper is to provide a secure and efficient humanitarian inventory management system which should be robust to the disruptions that will possibly occur in the inventory control and transportation systems during/after disasters.
Proposed emergency management framework
Our objective in this paper is to develop a realistic control model of the time-dependent inventory planning and management problem for the development and implementation of efficient pre and post-disaster plans. For this purpose, we need a robust and efficient procurement system with an adequate off-line planning strategy and a careful on-line inventory management policy. However, it is highly important to understand that high level of uncertainty during humanitarian relief operations makes the resource tracking in the aftermath of these events a crucial requirement. With the continuous position reporting by the possible use of Global Positioning Systems (GPS) and satellite connections, RFID technologies can provide the dynamic change in the inventory levels, flow of emergency vehicles and supplies. This data can be fed into MC-SHIC model to obtain realistic delivery and consumption distributions to be used during the on-line feedback control. Therefore, the results of a possible RFID application will not only help understanding the pros and cons of the emergency response for the disasters but it will also help to validate and verify our model. With this purpose, before introducing the off-line and on-line methodologies, we will first study the logistics aspects of RFID devices in detail in the proceeding sections.
Radio Frequency Identification Systems (RFID) technologies
If historical data becomes available to obtain the real response of the modeled emergency system, then it is possible to use standard optimization algorithms and therefore to obtain a controller that can efficiently create historical inputs, controls, and outputs. Thus, as an approach for the real-world conditions, it is possible to use RFID systems to track the in and out flow of emergency supplies. An example application of RFID for disaster management focusing on the logistics and transportation aspects of the problem can be seen in Fig. 2 .
RFID technologies have three main advantages for emergency operations:
1. Tracking: This function of RFID works on identifying the motion of any emergency supply. The idea includes not only the real time position tracking (flow of commodities) but also tracking the motion through the entry and exit points. 2. Identification, sensing and authentication: This can be used for identifying the victims of the disaster to have accurate information. Most importantly, for the patients in the disaster region, this will help to accurately respond to the needs of the patients. It can also be used during the tracking procedure of the commodities such as medicine and blood to be able to make a secure application to the victims. 3. Automatic data collection and transfer: This one is mainly used for minimizing the data entry and collection errors, reducing the information processing time and inventory management problems.
On the other hand, a thorough literature review on the RFID systems revealed the following barriers and obstacles for the implementation phase:
1. Interferences/reliability/environment: Disaster management is concerned with the environments that are intrinsically uncertain and unstable. Therefore, the lack of standardization of the RFID protocols at the hardware and software levels may cause severe problems. Moreover, RFID technology is affected by the presence of metal, liquids, organic matter, and interference from other radio-frequency (RF) sources. These materials cause RF energy absorption, reflection, multi-path, RF signal shading, signal bouncing and skin effects. 2. New technology problems: The adoption of the technology has been hampered by standards. This makes it very difficult to deploy interoperable solutions. Both the development and deployment of many promising technologies such as RFID systems are risky and costly compared with the opportunity presented by the commercial market for these technologies today. 3. Costs: The industry has been waiting for the cost of the RFID technology to come down. Moreover, important sources of funds are typically only available once a disaster has been declared and must also be spent in a short window of time. 4. Operational/capacity/managerial/knowledge issues: Disaster management organizations often lack the resources to acquire valuable capabilities. In most agencies with disaster management responsibilities, there is no one charged specifically with tracking RFID technology, identifying promising technologies, integrating them into operations, or interacting with RFID vendors. 5. Cultural and ethical concerns: For RFID chips being used on cadavers or victims, there are many oppositions due to cultural, religious, social and ethical concerns. 6. Privacy, security, data integrity and legal issues: RFID systems used for emergency management require special security and privacy in order to maintain the feasibility of the flow of goods and people, and to avoid the misuse of the data. The application of the technology is always bound to legal requirements that should be fulfilled, and no personal and confidential information should be transmitted via tags. 7. Local issues: Decisions regarding RFID should be made jointly by local municipalities and organizations that must work together in disasters, which is most of the time one of the most important drawbacks in transportation related works.
Carefully studying the literature of RFID systems, this study indicates the ways for how to overcome the drawbacks aforementioned:
1. Researchers are working on a new RFID technology which is based on software-defined radio (Islam et al., 2009 ). This strategy allows innovations in the physical layer that will minimize the effects of most of the challenges listed in interferences/reliability/environment. 2. Operational/capacity/managerial problems should be solved by establishing control (mobile and permanent) centers all over the region. With this way, it is possible to maintain an efficient management and tracking of emergency commodities. This will allow the officials and planners to make sure that basic survival needs of the victims are effectively satisfied. It will also be possible to provide a capability to see and track the emergency vehicles as they move throughout the disaster region. This will clearly help to determine the degradation of the transportation network as some of these vehicles may need alternative routing to reach their destinations. 3. Educating the officials and personnel is a must to efficiently respond to the inventory management and transportation problems during the aftermath of a disaster. The personnel can be trained and the new technology and knowledge related problems can be solved by the help of private companies that are familiar with the technology.
4. The goals of the federal and state agencies, the US Army, and the private companies should be to create a force structure to meet the severe situations (insufficient commodity supply, disruptions in the roadway network) that can occur after a disaster. This force should be the key to solve the local problems, cultural, ethical and religious concerns, and privacy, data integrity and legal issues. Mostly, as the RFID systems are vulnerable to compromise and tags can be removed easily, a legal force with the support of army would be a necessity during or after a disaster. 5. Cost and implementation problems can be handled by a cost-justified incorporation of the federal/state agencies as well as the private companies such as RFID vendors. Considering the lives of people and the satisfaction of their basic survival needs, and the ability to pinpoint what is going wrong in the system in terms of inventory management and handling the emergency supplies, it is obvious that the advantages of the RFID systems should be taken into account seriously in spite of the high cost.
3.1.1. Implementation within the emergency management framework Henderson (2007) stated that RFID systems could be efficiently used by US Army Battle Command Sustainment Support System (BCS3) to track commodities including emergency supplies, in near-real time, flowing in and out of the region. The idea was to establish an automation network that has fixed and mobile interrogators to monitor RFID devices online, on a map-based computer screen through live tracking tools and in-transit visibility. With this motivation, we define our RFID-based emergency management and relief system as the process of synchronizing the critical supply and transportation network to facilitate the sustainable disaster tracking, and to provide an efficient distribution of flow in support of the four stages of disaster relief efforts defined by Henderson (2007) . These stages are revised and adapted to our emergency management system based on a time framework (Fig. 3) .
These emergency relief framework stages are defined as follows:
1. Stage 1 (pre-disaster operations): This is probably one of the most important stages of the whole process. It begins by establishing a link between different levels of government, local organizations, military, civilian agencies, and private sector. This will help to construct a workable and executable support plan. Then, available assets in the disaster region should be identified and notified. Moreover, tests and exercises should be conducted to validate and verify the implementation of the plan.
Stage 2 (initial disaster operations): Since the coordination between different agencies is obtained in the previous stage,
Stage 2 makes use of this as the preparedness of the emergency supplies for delivery and consumption. This requires the identification of possible distributors and inventories for use, the estimation of the emergency commodities stocked in E.E. Ozguven, K. Ozbay / Transportation Research Part C 29 (2013) 171-196 these inventories, and the establishment of methodologies to assist the personnel working in the commodity flow management. The MC-SHIC model, therefore, will be extremely useful in this stage as it will enable us to determine the initial safety stocks in the inventories. 3. Stage 3 (sustainment of disaster operations): This is basically the online emergency management step where the officials manage the commodity flow and distribute the commodities across the shelters. Therefore, it requires a careful prediction of the safety stocks and workforce, and the continuous capability of in-transit visibility of the emergency commodities within the transportation network. This will be provided by a RFID implementation within the system to forecast and report the requirements of the victims in the shelters, and to support forward demands. Our proposed on-line method will make use of the RFID data in this stage. 4. Stage 4 (closure of disaster operations): This stage basically ends the relief support procedures like the management of vital supply flow and personnel. The data collected and lessons learned should be provided for future reference.
In the proceeding sections, we will introduce these methodologies that can be successfully integrated with the RFID tracking of vital commodities.
Off-line planning: stochastic humanitarian inventory management
Litman (2006) states that, after the hurricane Katrina, civil organizations were not allowed to transport and deliver the vital supplies to the shelters due to the military and safety reasons. This shows the unavailability of a sufficient transportation scheme for the emergency commodities to the shelters; therefore, the model should attempt to have the maximum benefit while determining the stock levels of multiple commodities and transporting them at the minimum cost. Therefore, this paper aims to develop a multi-commodity stochastic humanitarian inventory control model (MC-SHIC) with the following concerns that happen commonly while the emergency operations are going on during/after a disaster:
There may be necessities on the stock levels/storage of some commodities in the emergency inventories directly affecting and limiting the stock of other commodities. Transportation of joint resources, i.e., food and water, is a major concern as the emergency vehicles supplying the shelters may be limited due to the disruptions in the transportation network and the unavailability of the personnel and vehicles. There may be limited resources of vital/perishable commodities such as medicine, which can substitute each other, where a multi-commodity approach is needed. Multi-suppliers may be needed for the same commodity, which can also be solved considering the same type of commodity coming from different suppliers.
We model the off-line planning model as a multi-commodity and multi-supplier stochastic humanitarian inventory control model (MC-SHIC), as an extension of the limited single-commodity approach of Ozbay and Ozguven (2007) that is not applicable to the type of problem studied in the paper. The mathematical description of the MC-SHIC model in the context of humanitarian logistics, based on the Hungarian Inventory Control Model, introduced by Prékopa (2006) , will be presented in the following sections.
Mathematical background
In our model, we assume that deliveries, fixed and designated by n, take place according to some random process at discrete times within a finite time interval [0, T]. These random times have joint probability distributions the same as that of n random points chosen independently from the interval [s; s + T] according to a uniform distribution. A minimal amount, d, is delivered with each delivery n. If the total amount of delivery is D u for some support u, u 2 U, U being a finite set of supports, there is also a random amount of delivery obtained by choosing a random sample of size n À 1, from a population uniformly distributed in the interval [0, 1 À nd]. The consumption process is defined similarly, with parameters C u for some u, u 2 U, as the total amount of consumption, c as the minimal amount of consumption, and s as the number of consumption times. We assume that delivery and consumption processes are independent, and there will be a superscript l for each commodity. The decision variables in the model are m ðlÞ u , the additional safety stock for each commodity l, l = 1. . .r, and for each u, u 2 U, and M (l) , the storage capacity of each commodity l, l = 1. . .r. We have an initial safety stock in the interval [0, T] and to satisfy the needs of the victims located in the shelters in terms of the commodities, we are trying to find the optimum additional safety stocks, m ðlÞÃ u values and the optimum storage capacities M (l)⁄ . We approximate the joint distribution of the random consumption and delivery variables using an approximate multivariate normal distribution with the random variable, W ðlÞ iu , for each commodity l, l = 1. . .r, for i = 1, . . ., n, and for each support u, u 2 U. Therefore, W ðlÞ0 iu s simply represent the values of the probability distribution of the commodities in terms of consumption minus delivery for any time step:
where Y ðlÞ i : random variable of consumption distribution, l = 1, . . ., r; i = 1, . . ., n, X ðlÞ i : random variable of delivery distribution, l = 1, . . ., r; i = 1, . . ., n, d (l) : minimum amount of stock supplied with a delivery, l = 1, . . ., r; i = 1, . . ., n, c (l) : minimal amount of commodities consumed with a delivery, l = 1, . . ., r; i = 1, . . ., n.
The delivery and consumption vectors are r-component random vectors on discrete supports {u 2 U}, where U is a finite set. The corresponding probabilities for each {D u , C u , u 2 U} are given by p u . The expectations, variances and elements of the covariance matrix for the random variable W ðlÞ iu ; l ¼ 1; . . . ; r; i ¼ 1; . . . ; n; u 2 U are calculated as follows following the normal approximation guidelines given in Prékopa (2006) .
Here,
V: sample size of v, and L: sample size of x, k i : positive integers selected randomly from the sample y, i = 1, . . ., n À 1; 1 6 i 6 f 6 n À 1, h i,f : positive integers selected randomly from the sample x, i = 1, . . ., n À 1; 1 6 i 6 f 6 n À 1, G ðlÞ u : represents any element of the covariance matrix, W ðlÞ iu .
Objective function
In our model, the objective cost function consists of the individual costs listed below:
Cost of storage, g
: It is important to consider the storage costs for each commodity l, l = 1. . .r, since the occurrence of a disaster is not known a priori. Cost of surplus, q þðlÞ i : This is incurred if there is more inventory than demand. It can be modeled as a fixed cost or as a step function that allows very low or no cost for a certain surplus level, and then a steep increase for higher levels of surplus.
Cost of shortage, q
ÀðlÞ i : This is incurred if there is not sufficient inventory to satisfy the demand of the victims. This is the most important cost component and chosen more than surplus, as in the case of disasters, shortage of vital supplies caused many losses of life. It can also be modeled as fixed or variable like the cost of surplus. Cost of adjustment, f (l) : This cost is a function of the additional safety stock. Suppose that we have an initial amount of safety stock, however we need more to satisfy the probability constraint for each commodity. This adjustment can be due to the unexpected factors such as the strength of a disaster, increased number of people who are affected and need help, etc. Of course, this has to be penalized.
The objective function includes the demands for the consumption of vital commodities multiplied by their corresponding probabilities. This allows us to calculate the total cost where the highest and lowest demands have the lowest probabilities according to a pre-determined discretized normal distribution. The total cost of a severe disaster may be higher than others due to the additional safety stocks required, however, the probability associated with this high demand will be smaller than lower levels of demand closer to the mean (normal distribution assumption). This self-controlling mechanism gives the analysts the chance to determine the safety stocks more accurately.
Constraints
Our model takes into account the stochasticities of the consumption and delivery processes given the highly stochastic nature of the problem domain before/after a disaster unlike the relatively predictable conditions of our daily lives in terms of probabilistic constraints. As the probabilistic constraints ensure the minimal disruption of the commodities in the shelters with a given probability, the sum of initial stocks and deliveries has to be greater than or equal to the consumption for any time step. By replacing W ðlÞ iu 's with their expectations and variances of the approximate normal distribution, our probabilistic constraint is defined as
The choice of joint constraints or individual chance constraints is a matter of model formulation and the dynamics of the problem. It may be meaningless to employ a single-commodity analysis when the safety stocks in our problem do affect each other, or when there are multi-suppliers for the same commodity.
Other constraints in the MC-SHIC model are the capacity constraints. At any time step, the initial safety stock plus the optimal additional stock must be smaller than the storage capacity for that commodity, and the sum of storage capacities for each commodity (a (l) , space occupied by each commodity l, l = 1. . .r, multiplied by the storage capacity for each commodity, M (l) ) must be smaller than the overall capacity, M.
MC-SHIC formulation
Using the mathematical information given in the previous section, the overall multi-commodity stochastic programming (MC-SHIC) problem becomes as follows:
Hungarian inventory control model, on which our MC-SHIC model is based, was shown to be a convex nonlinear programming problem by Prékopa (2006) assuming that the cost functions g (l) ,
, q À(l) are taken as fixed costs whereas f (l) is selected as a linear function of the additional safety stock ensuring the convexity.
The convexity of the feasible solutions is a consequence of the general theorems on multivariate logconcave measures introduced in Prékopa (1971) .
Proposed solution approach using the pLEPs algorithm
Solution of MC-SHIC model requires a complex approach where p-level efficient points (pLEPs) method, developed by Prékopa (1990) , is proposed.
4.2.1. pLEPs method (Prékopa, 1990) Definition. Let n be a random variable, Z be the set of all possible values of n, and F be its CDF. A vector z 2 Z is a pLEP (p-level efficient point) of the distribution of n if F(z) P p, p 2 [0, 1], and there is no y such that y 2 Z, y < z and F(y) P p.
Explanation. F is the cumulative distribution function of the r-dimensional random vector n = (n 1 , . . . , n r )
T . That is, F(z) = P(n 6 z). For the r-dimensional vector z = (z 1 , . . ., z r ) T , y < z means y q 6 z q for q = 1, . . ., r, and y q < z q for at least one q.
Theorem. Let z (j) , j = 1, . . ., N be the pLEPs for the probability distribution in Z = Z 1 x. . .xZ r , and let F(Z) be the CDF of the discrete random vector n. Then, Pðz 0 P nÞ P p if and only if P z 0 2
pLEPs methodology provides discretized set of points, which gives the lower bound of a specific probability distribution (Prékopa, 2003) . These are used to create the deterministic equivalent of the probabilistic constraints, and they assure that the constraints will satisfy the given reliability level p = 1 À e. However, first of all, before applying pLEPs method, continuous distribution functions in our model have to be converted into approximate discrete distributions (Noyan and Prékopa, 2006 
where - (Prékopa, 2010) Solving the nonlinear MC-SHIC problem with an exact solution technique requires extensive programming and optimization knowledge. pLEPs method, however, serves as a practical and easily applicable approximate method so that a decision maker/planner can use the results to decide on the inventory levels for the emergency commodities needed at the shelters. For this purpose, the Prékopa-Vizvari-Badics algorithm will be used to generate the pLEP sets for the relaxed disjunctive programming problem. The algorithm is based on the discrete random variable n ðlÞ iu where Z = Z 1 x. . .xZ r , is the product set containing the support of n, the vector of the discrete random variable n ðlÞ iu . For the sake of illustration, we consider the r-dimensional vector as n = (n 1 , . . ., n r ) T . The algorithm is as follows:
Prékopa-Vizvari-Badics algorithm
Step 0. Initialize k 0.
Step 1. Determine z 1;j 1 ; . . . ; z r;j r such that z 1;j 1 ¼ arg minfyjFðy; z 2;k 2 þ1 ; . . . ; z r;kr þ1 Þ P 1 À eg z 2;j 2 ¼ arg minfyjFðz 1;j 1 ; y; z 3;k 3 þ1 . . . ; z r;kr þ1 Þ P 1 À eg . . . z r;j r ¼ arg minfyjFðz 1;j 1 ; ; . . . ; z rÀ1;j rÀ1 ; yÞ P 1 À eg and let E fz 1;j 1 ; . . . ; z r;j r g.
Step 2. Let k k + 1. If j 1 + k > k 1 + 1, then go to Step 4. Otherwise, go to Step 3.
Step 3. Enumerate all the pLEPs of the function Fðz 1;j 1 þk ; yÞ; y 2 R rÀ1 and dominate at least one element in E (y dominates z if y P z, y -z). If H is the set of the remaining pLEPs, then let E E [ H. Go to Step 2.
Step 4. Stop, E is the set of all pLEPs of the CDF F(z) = P(n 6 z).
Example numerical study for the MC-SHIC model
First, a base case two-commodity scenario is created where independent distributions of medicine and MRE's (mealready-to-eat) are considered. Depending on the severity of the disaster, there are ten different demand scenarios given in an ascending order, where demand type 1 (u=1) represents the lowest demand (best case), and demand type 10 (u=10) is the highest demand (worst case). The demand for MRE's starts lower than the demand for medicine, but increases more rapidly as the severity of the disaster increases. For the base case scenario, the following values are chosen: e is 0.05, f is 0.01, N is 100 and B ðlÞ u is 100 for all cases. Number of deliveries in the time interval (a month) is n = 4. Amounts of initial safety stock, m
(1) and m (2) are 20 and 20 units, respectively. q +(1) = 1.2/unit, q +(2) = 1/unit, and q À(1) = 120/unit, q À(2) = 100/unit.
, c (1) and c (2) are calculated for each commodity separately.
Cost of adjustment function is selected as f(x) = 2x. Costs of storage for each good are 1/unit and 1.2/unit, respectively. Total storage capacity is 100 units. Spaces occupied by commodities are 1/unit and 1.2/unit, respectively. Expected total delivery and expected total consumption values are taken as ; 12; 14; 16; 18; 20; 22; 24; 26; 28 C 1 ¼ ½30; 32; 34; 36; 38; 40; 42; 44; 46; 48 D 2 ¼ ½0; 4; 8; 12; 16; 20; 24; 28; 32; 36 C 2 ¼ ½20; 24; 28; 32; 36; 40; 44; 48; 52; 56 : The results are given in Table 2 where 96 pLEPs are used for the demand scenarios. To satisfy the needs of the victims 95% of the time, initial safety stock must be at least more than 71% of the total expected consumption for the medical supplies. That is, having more than 71% of the commodities in the inventory before the disaster will prevent disruption 95% of the time. For the MRE, the initial stock must be more than 75% of the total expected consumption. This indicates the importance of correctly determining the initial safety stocks in the inventory as having this percentage of stocks will prevent disruption 95% of the time. When the total expected consumption is equal to the initial safety stock, the model finds the optimal additional safety stock value as zero. Moreover, it may not be possible to make 4 deliveries in a given period of time, thus additional amount of safety stock has to increase. Suppose that a category 3 hurricane affects New Orleans with the strength of the hurricane Katrina when it first hit the coast region of the US east coast. With this scenario, terrain may be flooded with possible disruptions in the traffic network. People leaving in the flood areas are gathered into shelters. We assume that 1000 people are gathered in the New Orleans superdome. 2 MRE's and 1/2 medicine are assumed to be given per person per day in average (as in Lee et al., 2009 ). Depending on the strength of the hurricane, there are five demand levels given in an ascending order, u = 1 represents the lowest q +(1) = 1.2/unit, q +(2) = 1/unit, and q À(1) = 120/unit, q À(2) = 100/unit.
, c The delivery and consumption values are used to calculate the mean, variance, and covariance matrix for the distribution of the vital supplies. The results are given in Table 3 where 75 pLEPs are used. To satisfy the needs of the victims 90% of the time, initial stock must be more than 69% of the total expected consumption for medicine. However, for MRE's, the initial stock must be more than 75% of the total expected consumption to prevent disruption 90% of the time. When the consumption is equal to the initial safety stock of MRE's, the model finds the optimal additional safety stock as 0 MRE's.
It is possible for a hurricane to intensify in strength in a short time increasing the number of victims located in the shelters and creating more demand. In 2005, hurricane Katrina rapidly intensified after entering the Gulf, growing from categories 3-5 in just 9 h. This rapid growth was due to the storm's movement over the ''unusually warm'' waters of the loop current, which increased wind speeds. For a category 5 hurricane, flooding causes major damage to many structures and roadways. Massive evacuation of residential areas will be required. Therefore, we assume that 10,000 people are gathered in the New Orleans superdome. Again, we are focusing on medicine and MRE's. Note that the daily demand for MRE's can have high variances depending on the time-dependent impact of the disaster. Five demand scenarios are analyzed as before. All other parameters being kept same as the base case (other than these values: m
(1) and m (2) are 5000 and 20,000, respectively, N is selected as 100, and B ðlÞ u is 5000 for MRE's and 25,000 for medicine), we expect an increase in the total delivery and consumption values at the superdome: D 1 ¼ ½5000; 5500; 6000; 6500; 7000 C 1 ¼ ½10000; 10500; 11000; 11500; 12000 D 2 ¼ ½20000; 24000; 28000; 32000; 36000 C 2 ¼ ½40000; 44000; 48000; 52000; 56000 :
With these values, we change the mean, variance and the covariance matrices of the distribution of the vital supplies. Especially for MRE's, the distribution is changed substantially to account for the severity of the category 5 hurricane. To satisfy the needs of the victims 90% of the time, initial stock must be more than 67% of the total consumption for medicine (Table 4) . That is, having more than 67% of the commodities in the inventory before the disaster will prevent disruption 90% of the time. However, for MRE's, the initial stock must be more than 73% of the total consumption. On August 28, 2005, the Louisiana National Guard delivered seven truckloads of MRE's to the superdome, enough to supply 15,000 people Table 2 Results for the two-commodity numerical example.
Demand u = 1 u = 2 u = 3 u = 4 u = 5 u = 6 u = 7 u = 8 u = 9 u = 10 for three days which was not enough for the 20,000 victims located in the superdome. 20,000 victims can live with 2 MRE's per day, which makes the total expected consumption amount as 40,000 MRE's (This is our demand u = 1 in Table 4 ). However, the supplied amount of MRE's is 30,000 (15,000 people with 2 MRE's per day). Here, as the cost optimal result, the model gives an initial stock of 30,000 MRE's as the initial safety stock, and an additional 10,000 MRE's to be delivered afterwards. As the strength of the hurricane increases, the demand for vital supplies increases in a short amount of time. Moreover, the demand for MRE's increases more rapidly than it is for the medicine. The model reacts to this notion by increasing the additional safety stock values more rapidly for MRE's (Fig. 5) . The most severe condition of the category 5 hurricane having the largest demand requires the largest safety stocks for both commodities.
Disruptions in the transportation network
As mentioned in the previous section, During Katrina, Louisiana National Guard delivered seven truckloads of MRE's, enough to supply 15,000 people but that was not enough for the 20,000 victims located in the superdome. This indicates the importance of determining the initial safety stocks with respect to the number of deliveries. In the aftermath of disasters, changes in the number of deliveries mainly due to increased demand, reduced supply and possible transportation system disruptions are expected. For a severe hurricane, a majority of the roadways may be flooded, so a limited delivery process may be going on. Hence, we start with a worst case scenario where the vehicles can arrive at the shelter once for the whole time period (i.e., a month). Gradually, the transportation disruptions end, and the number of vehicles serving the superdome increases. This can be viewed as Hurricane Katrina slowing down as the wind speed decreases.
In Fig. 6 , we start with 1 delivery per period, and gradually increase the number of deliveries to 9. As the number of deliveries increases, the additional amounts of safety stock values decrease. This is a logical behavior since this increase leads to lower additional stock values to satisfy the probability constraint. For the category 3 hurricane with lower consumption needs, when the number of deliveries reaches 8 vehicles during the whole time interval, there is no need for additional safety stock for the medicine and MRE's. Hence, the initial safety stock is large enough to satisfy the evacuee demand for the total period. As the disaster strength increases, the initial safety stock appears to be insufficient, and a huge amount of additional safety stock is needed when the number of deliveries is limited due to damaged/congested roadways. Total cost also decreases with lower levels of additional safety stocks. This is because, if the system is highly stochastic, the probabilistic constraints are satisfied only if additional safety stock is high. This will impose higher costs. However, if the initial safety stock is too low, the problem becomes infeasible. Thus, MC-SHIC model achieves a balance between satisfying the probability constraints and keeping the cost low. Table 4 Results for the two-commodity analysis of category 5 hurricane. 
Multi-suppliers or cross-shipping
In the disaster relief period, there may not be enough commodities that can be distributed to the shelter from the usual supplier, or deliveries may not be possible due to the damaged traffic network. Therefore, to satisfy the needs of E.E. Ozguven, K. Ozbay / Transportation Research Part C 29 (2013) 171-196 the victims, emergency orders may be needed from other suppliers which will incur more costs. It is also possible that due to the fluctuations in the deliveries and consumptions, some shelter inventories may experience shortages while some others experience surplus. Rather than having deliveries from the supplier, in some cases, deliveries from shelter to shelter may be needed between close shelters such as the New Orleans superdome and convention center. That is, if MRE's stored are more than enough for the victims in the convention center, and if a shortage is experienced in the superdome, these extra MRE's can be shipped to the convention center to account for that shortage. Although the multi-suppliers or cross-shipping options are viable when there is a sudden notice of demand increase, it does not mean that these alternatives are cost effective. Emergency orders are mostly expensive as the ordering charges are raised unnecessarily, and therefore not preferred until an extreme case happens. The model reacts with a similar notion to this costly order from Supplier 2, and increases the amount of additional safety stock instead of the commodities being delivered by Supplier 2 (Fig. 7) . This backup plan will make the planner aware of the risk involved in stocking the emergency inventory commodities.
Vital/perishable commodities
This section includes a sensitivity analysis indicating where single-commodity and multi-commodity approaches are useful during the emergency management operations. First of all, some vital supplies may need extra attention during the emergency relief operations. For example, if a large number of injured are brought to a shelter in an emergency after a disaster, medicine will be immediately needed. After Katrina, in the superdome at New Orleans, 32% of the surveyed victims experienced injuries where 13% of these injuries appeared to be serious (Brodie et al., 2006) . First, we assume that the percentage of the injured people increases due to the incidents caused by the category 5 hurricane conditions (the demand for medicine increases). Therefore, medicine becomes the most important commodity to be supplied immediately and the analysis is conducted with a single-commodity approach. This idea can also be used for perishable commodities and commodities with shelf lives, or ''use by'' dates. Therefore, both the emergency management of such commodities and modeling for extra inventory levels to reflect losses due to shelf life expiration should be factored into the inventory control model. The results are compared with the two-commodity analysis performed before. The total cost for this analysis is larger than the singlecommodity analysis (Table 5 ). This is because we are focusing on a single-commodity rather than two-commodities. However, since the shortage costs for the medicine are higher, the cost is substantially high relative to a less important commodity. Due to the high costs, the model does not allow a high safety stock for the medicine and the resulting total base stock values are approximately 10% lower than two-commodity case.
The decision of which method to use (joint constraints or individual constraints) depends on the priorities of the disaster planning process where the planner should be careful about the requirements of the decision-making process. If the focus is on a single-commodity, or if the perishability is our main concern, it is useful to conduct a single-commodity analysis (i.e., medicine). In this case, cost becomes higher due to the stocking requirements and shortage possibilities. If those concerns are minimal, and if we are just concerned with the quantities of the safety stocks, a multi-commodity analysis is required. During the emergency conditions in the aftermath of a disaster, transportation of joint resources, i.e., food and water, is also a major concern as the emergency vehicles supplying the shelters may be limited due to the disruptions in the transportation network and unavailability of the personnel and vehicles. Moreover, relationships may exist between the product demand streams such as food items or medical supplies leading to the substitution possibilities during a shortage. In these cases, a multi-commodity analysis would be logical. 5. Next step in emergency management: an on-line model
On-line control methodology
There is a crucial need for the development and analysis of a humanitarian inventory management model such as MC-SHIC model, developed prior to the occurrence of a natural or man-made catastrophe, which can determine the safety stock level that will prevent possible disruptions at a minimal cost. However, an emergency inventory management system should also include an on-line operational strategy to minimize impacts of the unforeseen disruptions, or at least to address the problem at hand as fast as possible. The real-time management of the preparedness activities will reveal the actual performance of the response, recovery and mitigation processes after the disaster. Therefore, the problem is to be able to have an on-line inventory control methodology within our framework. As stated by Pao et al. (1992) , determining the controllers for nonlinear systems is extremely difficult, even in the deterministic settings where the equations that govern the system dynamics are fully known. Similarly, within our complex inventory management model MC-SHIC, it is impossible to determine the control law needed using existing adaptive control procedures. This provides the motivation for developing an on-line inventory control procedure that does not require a model or that requires minimal information for the underlying inventory management system. One way to deal with this problem is to use a function approximation method to represent the controller itself. The neural network is trained with the data obtained from MC-SHIC model and used to approximate the control vector which would normally be calculated for systems for which a control law can be obtained.
The overall proposed on-line control methodology can be seen in Fig. 8 . In our model, y k+1 are the inventory levels of emergency commodities where k represents the time step. We have three basic goals in our model: to adapt or train the functional approximator with the random consumption and delivery distributions of the MC-SHIC model, to approximate the control vector u k using the weight vector h k that belongs to the neural network, to reach the desired target inventory levels by penalizing the deviation between the output inventory values y k+1 and the target inventory values where k represents any time step (possibly a day).
Under perfect conditions, which clearly do not exist during or after the disasters, these levels can be used repeatedly to supply the basic needs of the disaster victims located in the shelters as long as there are no disruptions in the system. One of the major challenges here is that it is difficult to control and regulate the system given the stochasticity in the nature of underlying supply and consumption processes. When the system parameters (not the structure of the model) are unknown, adaptive control procedures can be used with a control law estimating these parameters using data. However, these methods are limited as they need some sort of system equations for the model. For the complex disaster process, on the other hand, these closed form equations describing the system dynamics are generally unknown, making it impossible to determine the control law. For this purpose, we propose to use a functional approximator (FA) to deal with the noisy data and to obtain an acceptable control methodology without having the knowledge of process dynamics for the nonlinear stochastic emergency relief system. The data for the training of FA is generated by the MC-SHIC model using the probabilistic consumption and delivery distributions of emergency commodities, and after that, non-additive noise is introduced into the system to better simulate the extreme complexity expected under real-world emergency conditions.
We are going to test the proposed framework on a system that includes the key components, namely the MC-SHIC model and the function approximator, which is the neural network. We use the following equation as the training data for the neural network where nonadditive noise (error) is introduced into the system at every time step k: Table 5 Comparison for single and two-commodity analysis for medicine.
Single-commodity analysis  Initial stock  5000  5000  5000  5000  5000  Optimal additional stock  1400  1550  1700  1850  1975  Total initial stock  6400  6550  6700  6850  6975  Total expected consumption 10,000 10,500 11,000 11,500 12,000 Proportion of initial safety stock to total expected consumption (%) 64.0 62.4 60.9 59.6 58.1 
Total cost 2974
where K: noise matrix for the current inventory level, where any element of K is a normally distributed random noise selected between [-10, 10] . !: noise matrix for the stochastic consumption and delivery, which we select as the diagonal matrix, with the diagonal elements equal to 1. W k : MC-SHIC parameter representing the stochastic ''Consumption-Delivery'' distribution at time step k (a randomly selected element with Eq. (1)). E: multiplication matrix, where any element of E is ky k k. ky k k: the Euclidean norm of the inventory level y k , at time step k. w k : an independent scalar of Bernoulli ±0.5 process.
This type of model is interesting as the noise enters the system in a multiplicative and very unstable way, rather than just simply adding the noise to the current inventory levels. Target sequence is also obtained from the MC-SHIC model accordingly with the data created in Eq. (11). Here, RFID tracking data is the key to obtain a reliable target sequence as previous observations will make the overall process for obtaining the data more reliable.
Development of the function approximator
Functional approximators such as neural networks, can be used to deal with the problems of controlling and regulating the stochastic systems with unknown nonlinear dynamics because they can be used to approximate the underlying controlling system without the need to construct a separate model for the unknown process dynamics. Neural networks have been known to be exceptionally successful on learning complex behaviors from observations. Moreover, the behavior learned by the neural network can be adjusted effectively with the learning algorithms. These issues generate the basis for considering the use of neural networks for the adaptive control problem given in this paper. Neural networks have been used for similar purposes for different problems in transportation and traffic engineering fields. Several examples of neural network studies include their applications to the feedback based ramp metering strategies (Zhan and Ritchie, 1997) , and traffic control systems (Nakatsuji and Kaku, 1991; Papageorgiou et al., 1984) .
The neural network considered in this paper has a fixed number of layers and nodes. The variation of the network comes from the updates of the underlying parameters at every iteration. These underlying parameters for neural networks are the connection weights between the inputs, hidden layers, and outputs, and the bias values included in the hidden layers and outputs. Training process of the neural network requires the estimation of these weights towards the optimal inventory level values. The weight estimation process, commonly called training task, solves an unconstrained nonlinear minimization problem where the optimal values are calculated for the variables minimizing the objective function.
In our control system, the neural network has no information about the analytical structure (MC-SHIC model) generating the measurements (without prior information about the structure of the system). Moreover, in our neural network, associated with the control vector u k for the controller, there is an underlying connection weight vector h k which is to be trained for optimality. The overall methodology can be seen in Fig. 9 .
We first optimally calculate the inventory levels for emergency commodities using the MC-SHIC model. Then, the neural network is trained to reach the optimum inventory levels using the training data and target inventory levels obtained from MC-SHIC model based on these calculations. This leads to an on-line approximate controller that can quickly come up with optimal level of emergency supplies rather than solving the MC-SHIC problem on-line in real-time. For the neural network, finding the optimal control strategy at a time step k is equivalent to min L k ðh k Þ where h k 2 R p is a p-dimensional vector of the weights, and p is not a function of k.
The optimal values of h k , therefore, will normally lead to an optimal control vector u k , leading to the optimal values of outputs. The objective function used in this paper is a loss function based on the expected value (E[]) of the quadratic tracking error loss function:
where A k , B k are positive semi-definite matrices indicating the relative weight of the deviations from the target values, and the cost associated with larger values of the controls. Therefore, our unconstrained nonlinear optimization problem becomes:
cannot be computed, it is not generally possible to calculate g k (h k ), and the standard gradient descent type algorithms are not very effective and feasible in solving our problem. Hence, we consider the stochastic approximation algorithm that has the standard recursive form of
where the gain sequence {a k } satisfies the well-known conditions (Kushner and Yin, 1997) :
, andĥ k is the estimate of the weight vector calculated at any iteration solving the unconstrained optimization problem.
As no control law or system equations can be achieved governing the control of our disaster relief inventory system using MC-SHIC model, the gradient of the objective function used in standard optimization algorithms is not available to be able to calculate this parameter vector. Therefore, we propose the simultaneous perturbation stochastic approximation (SPSA) method, first proposed by Spall (1992) , to find the estimate of the gradient given in Eq. (9) as SPSA only requires two measurements of the system rather than its full functional form. That is, if there is a deviation from the target levels, we use the on-line SPSA-based function approximator to restore the inventory levels to optimal values. This type of approximation is applied by Spall and Cristion (1997) and Spall (1998) on wastewater treatment. The performance of the proposed methodology is highly dependent on the specific properties of our problem such as the substantial amount of noise in the observations, which is highly possible within the emergency relief operations. Therefore, we compare the performance of our implementation by introducing noise into the system to evaluate the performance of SPSA and Levenberg-Marquardt (LM) algorithms while searching for the optimum gradient descent. LM algorithm (Levenberg, 1944; Marquardt, 1963 ) is a good choice for comparison since it appears to be the fastest method (up to ten to one hundred times faster than the standard backpropagation algorithms) for training moderate-sized feed forward neural networks. SPSA, on the other hand, has been successfully implemented for optimization in transportation network analysis problems (Ozguven and Ozbay, 2008) . Both algorithms are used to estimate the weight vector including the bias values for the neural network at each iteration.
In our model, SPSA algorithm uses the form in Eq. (9) whereĝ k ðĥ k Þ represents the simultaneous perturbation approximation to g k ðĥ k Þ. The i th component ofĝ k ðĥ k Þ, i = 1, . . ., p, is calculated as: ĥ k : weight vector used to approximate u k (±) in the neural network, whereĥ k ¼ĥ kÀ1 AE c k D k , and
with the {D ki } independent, bounded, symmetrically distributed random variables "k, i, identically distributed at each k, with E D À2 ki uniformly bounded "k,i. {D ki } cannot be uniform or normal. (Spall, 1998) . The power of SPSA comes from the fact that only two inventory level measurements are needed at any iteration to estimate the gradient direction. This is in contrast to other standard finite difference stochastic approximation methods which would need 2p measurements. Moreover, the initial selection of weight vectorĥ 0 is also very important for SPSA for which random initialization is always possible. If there is any prior information about the system, it is meaningful to select an initial vector accordingly to obtain more precise controls. While using Eq. (9), we also create a nominal state at every time step providing a measure of how the estimation procedure is performing as it relies on the updated weight estimate in the neural network. The nominal state creation is desirable especially at the very early iterations to monitor the training performance of , and t k+1 .
Numerical study: target levels kept constant
In our tests, we consider a feed-forward neural network, as the functional approximator, with five inputs, two outputs, and two hidden layers with 10 neurons in each layer. This gives 50 + 100 + 20 + 22 = 192 weights (including bias) to be estimated throughout the procedure. This neural network, of course, has no knowledge of the disaster relief system dynamics and the MC-SHIC model. The hidden layer nodes are tangent sigmoid functions (i.e., 1/1 + e Àz for an input z), and the output node has a linear transfer function. Only the most recent measurement and the next target are given into our neural network. The initial point vector,ĥ 0 is taken as an independent uniformly distributed vector between [À1, 1] for both algorithms and the SPSA perturbation vector (D k ) choices are varied randomly and symmetrically around zero. The choice of gain sequences has utmost importance for the adequate performance of the algorithm, and they are selected as a k = a = 0.001 and c k = c = 0.005 at the start, and they are gradually increased until reaching a relatively sufficient convergence rate (after several tuning iterations to maximize the rate of the decrease in the total system rms error). The values satisfy 0.001 6 a 6 0.5 and 0.005 6 c 6 0.1. The objective function is based on A k = A, a constant diagonal weighting matrix, with a value of 0.5 for the diagonal elements.
The parameter values to create the consumption and delivery data and to train the neural network are taken from the example numerical study for the base case two-commodity analysis of MC-SHIC model in Section 4. Suppose we start the analysis with the demand scenario 5 at first, where C k = [38, 36] , D k = [18, 16] . MC-SHIC model gives a target vector as t k = (26 27) T . We generate the data using the random consumption and deliveries within the range of the initial values of consumption and deliveries, and add noise to the data. This is done for the sake of illustration to see how the neural network will work (in terms of both computational times and rms errors) while searching for the target inventory levels with these random characteristics and the nonadditive noise in the system. Moreover, the performance of the algorithms will be evaluated by the root mean square error (RMSE) values for the observations. After the function approximator reaches a local or global optimum for the first target value t k = (26 27) T , we change the consumption and delivery vectors to C k = [48, 56] , D k = [28, 36] to make it possible to observe the performance of the algorithms. With these values, given that other parameters are kept constant, we obtain a target vector according to demand 10 as t k = (33 42) T . Now, the neural network is again looking for the best controlling strategy to minimize the objective function and to obtain the possible RMSE values for the data generated by MC-SHIC model within the range of the initial values of consumption and deliveries. For each studied case, number of runs, number of iterations in each run, rms errors, objective function and decision parameter values, and computational times (wall-clock times) are reported. All the table values calculated are based on the sample mean of ten independent runs. The computational time of the MATLAB implementations on a 3.16 GHz Intel Xeon (R) PC is presented for each case. Introducing the system with the stochastic consumptions, deliveries and random noise given as in Eq. (11), the results for the case with demand 5 (t k = (26 27) T ) are given in Table 6 for each group of runs. In this case, LM algorithm performs better in terms of computational time considering relatively shorter time it takes to find the optimal solution; however SPSA algorithm works more efficiently in reaching the solution given the lower rms errors. Note that reaching the optimal inventory control levels is one of the most important concerns for the on-line emergency disaster management operations. In the next scenario (Table 7) , proposed algorithms are run with the change in the consumption and delivery amounts to reach the new target inventory levels, namely an increase to demand 10 (t k = (33 42) T ). This may always occur in the aftermath of the disasters due to the increased vital supply consumption in the emergency shelters. The performance of LM algorithm indicates that less than half of the ten runs reach the optimal solutions whereas SPSA gives better RMSE, objective function and inventory level values.
5.1.3. Numerical study for fluctuating target levels due to system stochasticities In this section, different from the previous analyses, we let the MC-SHIC model change the target inventory levels at every time step. This case represents a worst case scenario with the highest stochasticity on the inventory levels. This, indeed, makes it harder for the control system to calculate the gradient descent direction. Although the performances of both algorithms decrease, LM significantly moves away from the vicinity of the target values, leading to higher rms errors. As observed from Table 8 , the performance of LM is not very satisfactory. Only three out of ten runs give an acceptable rms error value. SPSA, on the other hand, gives better RMSE values although the computational time values are still significantly larger than LM. This indicates that SPSA works more efficiently as the variability of the target inventory levels change at every time step.
Discussion
MC-SHIC model is used to determine the optimal target inventory levels mainly for the off-line inventory management purpose, and to generate the simulated data related to the stochastic consumption and deliveries of the vital commodities needed for the FA (neural network) used in the context of the on-line control framework. With the target values and simulated data using the MC-SHIC model, the on-line system with the neural network and the SPSA algorithm are used together to solve the unconstrained nonlinear optimization problem shown in Eq. (8) to account for the deviation between the actual inventory levels and the target ones. The need to use neural network based functional approximator for the on-line theoretical control disaster framework comes from the fact that the underlying dynamic system equations are not known to derive the control laws.
On the other hand, the results of the on-line management numerical study suggest that the performance of the SPSA can significantly improve the optimality of the solution as the amount of system stochasticity is increased. Note that high levels of stochasticities in the flow of the emergency supplies are most likely to be encountered in the aftermath of the disasters due to the fluctuations in the consumption and available resources, and due to the disruptions in the transportation network. The analysis and comparison of LM and SPSA algorithms provide useful insights into the development of solution techniques for emergency relief systems that can be highly stochastic. The performance comparison of these two algorithms is based on the analysis of the objective functions, the optimal inventory levels, and the overall computational times. Number of iterations is not used for comparison since the computation time of a single iteration for each algorithm is different.
The analysis results indicate that there is a substantial amount of difference between the algorithms in terms of computational times. One of the important factors causing that difference is the creation of the nominal state for SPSA while calculating the weight vector fed into the neural network at every step. This nominal state enables us to monitor the performance of the SPSA algorithm so that we can change the gain sequences accordingly to achieve better results. It is actually one of the reasons SPSA is doing a better job than LM algorithm in obtaining closer inventory levels to target values.
Finally, it is natural to ask whether the aforementioned stochastic approximation is converging to the target values of MC-SHIC model in our study. To observe the behavior of the SPSA algorithm, an additional analysis is conducted, where the initial point, the gain sequences, the perturbation vector, and the random noise are selected accordingly to make averaging possible. Fig. 10 shows the resulting figure after averaging 100 system runs to reach the target inventory level t k = (33 42)
T obtained via MC-SHIC model. In fact, the resulting final rmse and optimal inventory level values are worse than the ones seen in Table 7 . This is due to the aforementioned parameter selection to make it possible for averaging with similar runs, and therefore to see the convergence behavior clearly. From Fig. 10 , it can be stated that SPSA algorithm exhibits a good performance in terms of converging to the target inventory level values. There are several jumps throughout the analysis mainly due to the randomness coming from the stochastic consumptions and deliveries, however the algorithm reaches a steady state after approximately 125 iterations.
Conclusions and future work
In this study, we propose an RFID-based on-line emergency management framework to synchronize critical delivery and consumption processes, to facilitate the sustainable resource tracking, and to provide an efficient distribution of flow in support of the disaster relief efforts. Our objective is twofold. First, the idea is to understand the critical components and requirements of the proposed on-line framework focusing on the RFID related issues. Second, we aim to develop an efficient mathematical model utilizing both an off-line inventory planning strategy and on-line control theoretic methodology that can be integrated with the help of RFID technologies as the main resource tracking tool.
For the off-line planning component of our proposed framework, inventory levels at any time step represent the system states, and their optimal values are determined using the proposed multi-commodity stochastic humanitarian inventory control (MC-SHIC) model. This model attempts to determine the minimum safety stock levels of the emergency inventories so that the consumption of these stocked commodities at the major shelters can occur with minimum disruption. The proposed scenario based approach can easily be incorporated into disaster relief plans so that planners can become aware of potential serious inventory related problems that can occur at the shelters along with their occurrence probabilities. Our results indicate that an increase in the severity of the disaster causes an increase in the consumption levels of vital supplies in the shelters since the demand of evacuees for a given commodity increases. Moreover, analysis results indicate that more frequent number of deliveries during the emergency relief period minimizes the need for higher level of safety stock. Thus, if the transportation/supply systems are robust enough to support frequent deliveries, authorities can afford to maintain lower levels of safety stocks reducing the cost of emergency preparedness without compromising the wellness of evacuees. Vital/ perishable commodities, emergency orders from different suppliers and cross-shipping possibilities also require extra attention when deciding on the safety stock levels. Proposed MC-SHIC model is also used as the off-line base for the overall on-line emergency framework to determine the optimal inventory levels, and as the data simulator (including the stochastic consumption and deliveries of the vital commodities) needed by the function approximator of the proposed on-line feedback control framework. The online function approximator (FA), as a part of the SPSA algorithm is used to solve the unconstrained nonlinear minimization problem shown in Eq. (9) to bring the system back to optimality in real-time when the actual inventory levels deviate from the optimal (target) ones. That is, when disruptions or fluctuations occur in the system, we invoke the FA, where the underlying parameters are estimated by the SPSA algorithm (training), to bring the inventory levels back to optimal target inventory levels. This is actually an adaptive control methodology which does not require any information about the equations or models governing the stochastic disaster relief system. It adjusts the system parameters using a closed-loop control approach rather than an open-loop model used by the conventional optimal control approaches available in the literature (Narendra and Parthasarathy, 1990; Sartori and Antsaklis, 1992) . We use the SPSA algorithm to estimate the descent direction for the unconstrained minimization problem in the presence of noisy measurements and fluctuating target inventory levels, and to provide a better learning performance for the FA over the standard backpropagation algorithms in terms of guaranteed stability of the parameters and convergence properties. We have conducted experiments using a neural network as the function approximator to compare its performance of the two stochastic approximation algorithms, namely, Levenberg-Marquardt (LM) , and Simultaneous Perturbation Stochastic Approximation (SPSA). The optimization model includes the stochastic consumption and deliveries at every iteration with the addition of random noise into the system. The algorithms are applied to optimally determine the weights of the neural network at each iteration with different amounts of noise associated with inventory levels. The performance comparison of the two algorithms is based on the analysis of the objective functions, the optimal inventory levels, and the overall computational times. We see that the overall computational times are always better for the LM algorithm. However, the results indicate that LM does not always converge to the optimal target inventory values in the presence of stochasticity, whereas SPSA algorithm definitely has a better performance than LM in terms of convergence. Employing a nominal state during the SPSA procedure allows us to find better inventory level value results at the end of the runs, but it also increases the computational times. Although computational time is also a significant concern to reach optimality for disaster relief operations, SPSA still performs well and remains within range of 20 to 40 seconds while converging more efficiently to the target levels of vital supplies.
The most important feature of the proposed framework is that it can be applied to any kind of disaster scenario with distinctive characteristics by adapting parameters of the off-line and on-line models. Our future work, therefore, will involve validating our methodology using the real-life data obtained from emergency response teams. A pilot test involving RFID technologies to keep track of the dynamic change in the inventory levels, flow of emergency vehicles and supplies can also be used to collect data that can be used for the training process. Another future work is to develop guidelines to determine the optimal structure of the functional approximators, i.e., the number of hidden layers and nodes of a neural network, based on the real-data if available via RFID tracking or other sources.
